Ž Recent regulatory action requires the assessment of environmental justice equitable protection from the burdens of environmental hazards across . sociodemographic subpopulations in the siting of hazardous waste sites, and prioritization of environmental remediation efforts. Assessments of environmental justice require linking exposure, demographic, and health data. The geographic nature of the data makes the use of geographic information systems attractive for environmental justice assessments. Typical geographic assessments compare the composition of 'exposed' populations, while typical statistical assessments focus on differences in health outcomes between population subgroups, possibly adjusted for exposure. We outline an alternate approach based on summarized differences between exposure distributions within each population subgroup. We illustrate how such summaries provide a Ž . tool for site evaluation e.g., defining exposure inequities resulting from locating a new potential hazard at any of a number of possible sites . In addition, we describe summaries, based on dose-response relationships, to describe risk differences imposed by the observed exposure differences. Reported toxic emissions from Allegheny County, Pennsylvania illustrate the approach.
Introduction
The phrases 'environmental justice' and 'environmental equity' describe equitable protection from the burdens of environmental hazards, including environmental exposures and any associated disease risk. In the United States, President Clinton's 1994 Environmental Justice Executive Order requires assessments of environmental justice by all federal agencies regulating environmental and public health issues. While such assessments are required, regulators lack consensus on quantifiable definitions of environmental justice. As a result, a variety of assessment approaches are currently in use.
Assessments of environmental justice typically hinge on the geographic distributions of three key variables Ž . Ž . Wagener and Williams, 1993 : a the exposure to an Ž . Ž. environmental pollutant or pollutants , b demographically defined subgroups of the population subject to poten-Ž tially increased risk e.g., children, racial or ethnic groups, . Ž . or socioeconomically disadvantaged populations , and c the health status of the populations. These geographic distributions may be conceptualized as three maps of data Ž . values exposure, disease, and demographics over the same geographic area. Environmental health studies often require the linking of such data from many sources and of Ž many types Cox and Piegorsch, 1996; Piegorsch and Cox, . 1996 . Typically, different data sets are indexed by common geographic locations. Geographic information sys-Ž . tems GISs provide attractive tools for environmental justice assessments since analysts may link exposure, demographic, and health data for any particular location. In addition, many federal agencies involved in the collection of publicly available environmental and health data increasingly store, manage, and display data using a GIS.
Typical GIS assessments of environmental justice follow a consistent outline. First, one identifies putative Ž . sources of hazard e.g., hazardous waste sites . Second, the analyst uses a GIS to create 'buffers' around each site. The buffers define areas within a prescribed distance of each hazard. In the simplest examples, individuals residing within the buffers are considered 'exposed' to the hazards, while those residing outside the buffers are 'unexposed'. Modifications include weighted exposures assigned to nested distance rings around each putative source of hazard. Next, one links census data and compares percentages Ž . of population subgroups e.g., racial or income categories within the buffers. Such analyses appear in Stockwell et al. Ž . Ž . 1993 , Anderton et al. 1994 , and Glickman and Hersh Ž . Ž . 1995 . Bowen et al. 1995 present a careful analysis of environmental justice data in Ohio nicely illustrating the Ž . utility and limitations of GIS in such assessments.
In contrast, typical statistical assessments of environ-Ž mental justice consider parametric models e.g., linear, . logistic, or Poisson regression of disease risk. Such models utilize health and demographic data, and include exposure data when available. The analyst bases inference regarding equality of risk on parameter estimates associated with covariates identifying the subpopulations of in-Ž . terest e.g., racial or income strata . Such models identify risk differences between subpopulations, adjusted for other covariates included in the model. Ž . Neither approach is ideal. Glickman and Hersh 1995 describe the GIS-based strategy as a proximity-based assessment. Ease of calculation makes proximity attractive, however, it will provide a poor exposure surrogate in many cases. In addition, dichotomous exposure measurements such as 'living within 0.5 km of a waste site' may not accurately reflect a continuous, more gradual reduction of exposure with increasing distance. Finally, changing the buffer radius may very well change results. Bowen et al. Ž . 1995 illustrate convincingly that different results and relations appear at different levels of spatial aggregation; Anderton et al. 1994 and Zimmerman 1993 make a similar point. In effect, the choice of buffer radius constrains the spatial scale of analysis, and all results must be interpreted in the context of the scale used.
The statistical approach outlined above falls into the class of risk-based assessments of environmental justice as Ž . mentioned by Glickman and Hersh 1995 . However, confidentiality requirements usually limit application to data Ž aggregated over small areas e.g., census tracts or enumer-. Ž ation districts . Any such analyses based on ecologic ag-. gregate data are susceptible to the well-known 'ecologic fallacy' of attributing observed aggregate-level effects to Ž . individuals Robinson, 1950 . While ecologic studies offer limitations over traditional epidemiologic study designs, some methods for the analysis of aggregate data are avail-Ž able Morgenstern, 1982; Richardson, 1992; Greenland . and Robins, 1994 . GIS-based analysis certainly should not replace traditional case-control and cohort studies, but careful ecologic and aggregate analysis can direct implementation of more detailed follow-up work.
In addition, neither of the above approaches directly compares the distribution of exposures within particular Ž . population subgroups. Waller et al. 1997 consider summarized differences in exposure distributions for assessments of environmental justice. In the sections below, we review the summary approach and illustrate the utility of summarized exposure differences in two areas related to environmental justice: site selection for location of a new source of putative hazard, and summary assessment of increased risk due to observed exposure inequity. 
Methods

For
A similar exercise provides the ECDF for the remaining population subgroup. Ž . For illustration, Waller et al. 1997 consider air releases in Allegheny County, Pennsylvania reported to the Ž . 1990 Toxic Release Inventory TRI . The TRI provides a set of emission sources considered in many assessments of Ž environmental justice Stockwell et al., 1993; Bowen et al., 1995; Glickman and Hersh, 1995; Perlin et al., 1995; . Waller et al., 1997 . The TRI includes annual amounts of more than 300 toxic chemicals and compounds emitted or transferred from industrial sites. While by no means a Ž complete inventory of toxic releases the General Accounting Office reported that 95% of the toxic chemicals released in the United States are not included in the TRI Ž . . GAO, 1991 , the TRI represents one of the most comprehensive emissions databases currently available. Ž We consider these data 1990 air emissions in Al-. legheny County below. To illustrate the method, we present a proximity-based assessment below, but note that the outlined approach is applicable to monitored or modeled exposure values, when such data exist. We use proximity here to focus attention on how to summarize comparisons between subgroups, rather than on the assessment of exposure itself. Actual individual exposure values depend on ambient concentrations, mobility of the population, human activity patterns, and many other factors. Accurate modeling of exposure is a complex exercise in and of itself and we do not presume to address it in detail here. For our purposes, we base proximity on the inverse distance from each of 499 census tracts to the nearest TRI site in Allegheny or one of the neighbouring counties. We will refer to inverse distance as 'exposure potential' under an assumption that closer census tracts contain higher potential for exposure, noting however that exposure to particular chemicals may depend very little on distance to emission sources. Overall environmental justice assessments often use proximity to pollution sources to encompass 'exposure' not only to emitted chemicals but also to undesirable effects such as lower land value, industrial zoning, and noise. Again, we note that measured or modeled exposure to particular chemicals may be analyzed with particular outcomes for pollutant-specific assessments Ž . of environmental justice. Waller et al. 1997 compare the two population groups identifying themselves as either 'black' or 'white' in the 1990 census. Figure 1 presents the two ECDFs for Allegheny County. Note the gap between the two curves, which is especially pronounced Ž . for lower exposure potentials greater distances , with a larger proportion of the white population having very low exposure potential. A partial explanation is the lower concentration of TRI sites in the outlying, more rural, regions of the county. These more rural census tracts contain a higher proportion of the white population than the black population in Allegheny County. An assessment limited to the Pittsburgh city limits would likely differ from the county-wide results presented here.
Ž . In comparison, Glickman and Hersh 1995 consider two distance thresholds, 0.5 and 1 mile, and report greater Ž observed inequity for the 1-mile limit approximately 0.62 y1 . Ž km than for the 0.5-mile limit approximately 1.25
y1 . km for the same data. Figure 1 mirrors these results with a greater vertical distance between the two ECDFs for x s 0.62 than for x s 1.25 km y1 . Figure 1 shows that 64.2% of the white population and 40.7% of the black Ž y1 . population live greater than 2 km x s 0.5 km from the nearest TRI site. The populations residing over 4 km from the nearest site are even more disparate, including more than one quarter of the white population but only 6.1% of the black population. Figure 1 illustrates how differing GIS distance-based buffer radii can result in a variety of observed effects, providing a compelling reason for sum-Ž maries of carefully defined, continuous exposure or expo-. sure potential functions. In other words, we prefer a comparative summary of the entire ECDF curÕes, rather Ž than merely differences associated with particular often . Ž . Ž . arbitrary exposure potential values. Waller et al. 1997 Ž . propose the area between the two ECDFs G P and B
Ž .
G P as a single summary measure.
W
Using ECDF Comparisons in Siting Decisions
We next address the utility of exposure ECDFs in assessing siting decisions for a new source of potential hazard. The particular demographic structure of the city or region under consideration will impact environmental justice summaries for any proposed site. Geographic research addressing equality of access in siting decisions for new beneficial Ž . public facilities e.g., hospitals and libraries offers strong Ž reason to expect skewed distributions for exposure poten-. tial comparisons and related summaries, since cities often contain segregated regions where particular subgroups Ž dominate the local population size Hodge and Gatrell, . 1976; McLafferty and Ghosh, 1982; McLafferty, 1984 . Such spatial structure creates a 'spatial constraint' impact- For a set of proposed locations for a new potential hazard, we propose using subgroup-specific ECDFs to Ž . estimate the resulting exposure potential inequity associ-Ž . ated with each location. We obtain curves G x and B Ž . G x for each proposed site location. Furthermore, by W calculating summary measures of the resulting exposure differences at each of a fine grid of possible site locations, Ž we can provide a map of exposure inequity a component . of environmental justice impacts associated with sites across the study area. Such maps provide valuable areaspecific information for decision-makers in evaluating proposed site locations. Mapped areas with high associated Ž . exposure potential inequity would indicate areas to avoid in siting new facilities. In the next section, we present maps for Allegheny county based on two different distance Ž buffers and based on the area between ECDFs i.e., the . summarized difference in exposure potential for the black and white populations in Allegheny county.
Risk Assessment and Bayes Methods
In addition to their use in siting decisions, subgroupspecific ECDFs provide a means for assessing risk differences associated with observed exposure potential differences. Such a step is important as large observed differ-Ž . ences in exposure potential distributions may not result Ž in similarly large risk differences e.g., if the majority of individuals in all subpopulations experience exposures far below suspected threshold values associated with the health . outcome of interest . Earlier we suggested summarizing Ž . across exposure potential values rather than basing assessment on an arbitrary choice of a buffer radius. However, not all exposure values are equally likely to result in increased risk of adverse outcomes. In order to move from Ž . comparisons of exposure or potential exposure to comparisons of risk, we must weight observed exposure differences by their associated risk differences. Dose-response functions provide a way to link particu-Ž . lar exposure potential values to disease risk, thereby providing relevant translation from exposure to risk Ž . weights. Specifically, Waller et al. 1997 propose giving greater weight to differences in the distributions at expo-Ž . sure values where the slope derivative of the dose-response function is greatest. Such weighting emphasizes differences where risk is increasing most rapidly as a function of exposure. The weighted area between the ECDF curves provides a summary statistic quantifying risk differences due to observed exposure differences between the two groups.
Data layering provided by a GIS offers inclusion of additional data in environmental justice assessments. Ž . Waller et al. 1997 present a statistical framework for linking disease incidence data to exposure data in a riskbased assessment of environmental justice. The components are easily defined, but poor quality or missing data may necessitate the use of exposure surrogates, or expo-Ž . sure potential such as proximity . As exposure data become more available, surrogate and 'potential' measures will be replaced by quantified exposure.
The assessment approach outlined above contains several components, each with an associated uncertainty. Exposure potential within tracts will vary between individuals. In addition, dose-response functions contain parameters whose values are unknown and must be estimated from the data. Ideally, one would like an interval estimate Ž . a range of likely values of the summarized area between ECDFs reflecting these various sources of uncertainty. In other words, the variability in the summary should reflect the variability of its components.
A Bayesian approach for defining the distribution of the summary measure is attractive since such an approach allows one to carefully combine several layers of uncertainty. Bayesian inference is based on the posterior distribution of the model parameters. The posterior distribution Ž < . p h Y is defined to be the conditional distribution of the Ž . Ž . vector of parameters h given the data Y . The definition of conditional probability yields
Ž . where p Y,h is the joint distribution of Y and h and Ž . p Y is the marginal distribution of the data. Bayes'
Bayesian inference is based on the proportional relation-Ž < . ship between the posterior distribution p h Y , and the Ž < . product of the likelihood p Y h and the prior distribution Ž .
The likelihood function is the basis for traditional maximum likelihood estimation wherein one defines the esti-Ž < . mate of h as that value which maximizes p Y h over all possible values of h. That is, the estimate reflects the value of h yielding the highest conditional probability of Ž the data given h i.e., answering, ''Under which value of . h are the data most likely?'' .
Bayesian inference differs from traditional maximum likelihood estimation in the inclusion of the prior distribu-Ž . tion p h . The prior distribution reflects the range of and relative probability associated with possible values for the parameter h before including the current data. In the presence of previous experiments or expert opinion, the analyst may define fairly narrow ranges or specific guesses Ž . Ž . Journal of Exposure Analysis and Enzironmental Epidemiology 1999 9 1 with strong associated probabilities. In the absence of previous knowledge, the analyst may choose a prior distribution with very large variance to avoid undue influence on the posterior distribution.
As a result, the posterior distribution acts as a compromise between prior beliefs regarding the range and distri-Ž . bution of parameters the prior distribution and the distri-Ž bution of parameters suggested by the observed data the . likelihood .
When using wide-variance priors, parameter estimates based on the posterior distribution are often very similar to Ž . estimates based only on the likelihood function the data . In this case, Bayesian estimates are robust to the particular Ž parametric form of the prior and said to be objectiÕe as . opposed to subjectiÕe . Objective Bayesian estimates have properties very similar to traditional maximum likelihood-Ž . based estimates Carlin and Louis, 1996, Chapter 4 . Ž In the past, the difficulty of the often high dimen-
Ž . Y h p h dh in 1 , as well as reliance on the particular form of the prior distribution precluded widespread use of Bayesian inference. Recent advances in statistical computing, however, enable the use of simulation-based techniques known collectively as MarkoÕ chain Monte Carlo Ž . MCMC algorithms. The end result of an MCMC implementation is a large sample of parameter values drawn Ž < . from the joint posterior distribution p h Y . The posterior sample values enable point estimates of model parameters through the sample mean, median, or mode, and interval Ž estimates of parameters a range of values containing the . true parameter value with specified probability through posterior sample quantiles. Also, a histogram of the sampled values provides a picture of overall distributional shape and skewness. Bayesian methods, corresponding MCMC algorithms, and two applications in environmental Ž . justice are outlined in Carlin and Xia 1999 , with methodological details and many more examples appearing in the Ž . books by Gelman et al. 1995 and Louis Ž . 1996 .
A specific advantage of the MCMC approach in our setting is that a posterior sample of the environmental Ž justice summary statistic the weighted area between . ECDFs is available by calculating the weighted area between ECDFs for each sampled set of dose response parameters. In the Allegheny County example below, Ž . Waller et al. 1997 find the resulting posterior density for the summary statistic to be highly skewed, suggesting that traditional confidence intervals based on asymptotic normal distributions would be inaccurate.
Results
We illustrate both evaluation of environmental justice impacts due to potential sites for hazard location, and estimation of risk differences between black and white populations for the 1990 Allegheny County data described above.
EÕaluation of Potential Hazard Sites
First, we consider a grid of possible site locations across the study area. For our example, we consider 900 possible sites in a 30 = 30 grid covering the central portion of Allegheny County. Figure 2 illustrates locations of the 499 census tract centroids, the 200 air release sites reporting to the 1990 TRI, and the 900 proposed site locations. The same centroid is used for both subpopulations in each tract. For simplicity, we assume the inverse-distance to the nearest site in Allegheny or a surrounding county to define exposure potential. Again, we note that this assumption only provides one aspect of environmental justice for Allegheny County; emissions and personal exposures to different chemicals and compounds will likely offer different summary values.
To assess environmental justice impacts associated with each possible location, we calculate the difference between exposure potential ECDFs for the census-designated blackŽ Ž . Ž . and white subpopulations G x y G x , where x de-W B notes the inverse distance between a census tract centroid . and the proposed location of the hazard . We consider three possible summaries of exposure inequity for Allegheny County. We refer to the first as the '20-kmŽ . Ž . comparison', i.e., G 1r20 y G 1r20 , the difference W B in proportions of the white and black populations with y1 Ž exposure F 0.05 km i.e., residing ) 20 km from the . proposed location . The second, the '2-km comparison,' Ž . considers G 0.5 y G 0.5 , the difference for exposure W B y1 Ž . F 0.5 km i.e., ) 2 km . The third is based on the area between the ECDFs, summarizing differences in mean exposure potential across particular exposure potential values. The first two comparisons focus on certain critical distances and are easily calculated using buffer zones within a GIS. The third comparison is based on numerical integration where we calculate the area between the two step function ECDFs as a sum of the areas of narrow rectangles between horizontal portions of the ECDFs. ECDFs. If the two subpopulations were entirely integrated, we might expect these differences to be symmetrically distributed around zero across the 900 proposed locations Ž for a source of hazard indeed, if the populations were of equal size and entirely integrated, we would expect all of . the differences to be identically zero . For two compar-Ž . isons 2 km and area we in fact observe a mode near zero, but also see skewed distributions. For the 20-km comparison, we find a bimodal distribution with approximately Ž . 2r3 609r900 of the locations resulting in a higher proportion of the white population than the black popula-Ž tion residing further than 20 km away indicating disproportionately higher exposure potential in the black popula-. tion . However, for a third of the proposed locations, the inequity is reversed with higher exposure potentials in the white population. For the 2-km comparison, we find a very Ž . different picture. Most site locations 570r900 result inŽ . Ž . differences G 0.5 y G 0.5 less than zero indicating a W B
higher proportion of the black subpopulation residing further than 2 km from these locations. However, differences Ž . with the largest magnitude positive or negative are seen for locations where the black population experiences higher exposure potential. Using the area between ECDFs is consistent with the 2-km comparison, with 478 out of 900 locations yielding a higher impact on the white population. Figure 4 shows surface and contour maps of the difference between ECDFs. The contour plots illustrate the 900 possible locations as smaller dots, and the 499 census tract Ž . centroids 1990 Census as larger dots. Regions with surface height of zero reflect locations with equitable exposure potential distributions across the white and black subpopulations. The leftmost plots illustrate the 20-km comparison, the center plots illustrate the 2-km comparison, and the rightmost plots illustrate the area between the two ECDF curves, summarizing differences across all exposure potentials. We see a considerable difference between ECDFs for the 20-km comparison, with large differ-Ž . ences in the center of the county the city of Pittsburgh , primarily due to the urban concentration of the black subpopulation and the scale of the county. Allegheny County is approximately 40 km across, and census tracts near the edges are predominately white. As a result, the central census tracts, which contain most of the black subpopulation, are within 20 km of almost all of the 900 sites. A much smaller difference is seen comparing the proportion of each subpopulation residing greater than 2 km from each proposed site, but again the black subpopulation would experience disproportionate exposure potential for sites in central Pittsburgh. The dependence of inequity on the choice of the buffer radius seen in Figure 4 reinforces the need for a summary across exposure poten-Ž tial values. The area between ECDFs rightmost maps in . Figure 4 , summarizes differences across all values of exposure potential. The area comparison indicates higher exposure potential among the black subpopulation for proposed sites in the central and eastern parts of the county, Ž . and higher though relatively small exposure potential for the white subpopulation in the rest of the county. These results indicate that sites resulting in exactly no exposure potential inequity are limited to those along Ž contours the lines identified by a '0' in the second row of . Figure 4 plots corresponding to a difference or summary difference of zero. The precise location of such 'neutral' sites depends critically on the geographic distribution of population subgroups in the study area, and on the choice of summary measure. We find the area between exposure Ž . or exposure potential ECDFs a more readily justifiable measure summarizing differences across all observed val-Ž . ues of exposure potential , and not tied to particular critical distances.
Linking Exposure and Risk Differences
In order to weight the observed exposure differences by Ž . their possible impact on risk, Waller et al. 1997 consider Ž . leukemia acute myelogenous and acute lymphocytic incidence data for years 1985-1992 to TRI from 1990 census tracts in Allegheny County. The data include the number of incident cases of leukemia in each tract, the population size in each tract, and the inverse distance of the tract centroid the nearest 1990 TRI air emissions site in Allegheny or a surrounding county. Again, the analysis is intended to illustrate the comparison approach based on Ž . exposure potential ECDFs rather than a thorough leukemia risk assessment based on TRI emissions. Detailed descriptions and analyses appear in Waller et al. Ž . 1997 with results summarized here.
For a dose-response curve, the authors consider an independent background one-hit model, and model the probability of leukemia for an individual residing in census tract i as:
where x denotes the exposure potential associated with i Ž . Ž tract i, i s 1, . . . ,499, 1 y g represents the baseline no . exposure risk of disease, and u defines the effect of Ž . exposure potential on disease risk. Again, exposure potential is defined as the inverse distance to the nearest air release location in Allegheny or a surrounding county reported to the 1990 TRI. To complete the Bayesian model Ž . development, we assign a Uniform 0,1 prior distribution Ž . to g , and an Exponential 1 prior distribution to u, specifications designed to let the observed data, rather than the priors, dominate the determination of the posterior distribution.
The results, based on 4950 MCMC samples from the posterior distribution, indicate a posterior mean estimate of y4 Ž . 3.26 = 10 for the baseline risk 1 y g , increasing to a y4 Ž risk of 3.94 = 10 for x s 4.0 i.e., living within 0.25 km . of a putative source of hazard . As mentioned above, we wish to consider a weighted summary of the area between the exposure potential ECDFs across potential values. Each narrow rectangle of area is weighted by the slope of the fitted dose-response function, giving higher weight to ECDF differences at exposure potentials where the risk is most rapidly increasing. That is, we calculate: Ž . but statistically significant increase in leukemia risk for the black population. However, the posterior distribution suggests that the magnitude of the relative risk increase is probably less than 1%, and is very unlikely to be more than 2% greater than the risk among the white population. This finding generally corresponds to that of Glickman and Ž . Hersh 1995 , but avoids the dependence on the radius defining 'exposed' and 'unexposed' tracts.
Discussion
Ž
The examples above illustrate the utility of exposure or . potential ECDFs in assessments of environmental justice. Maps of summarized ECDF differences provide valuable tools for siting decisions, and provide a clear example of the local population demographic structure's impact on environmental justice. Weighted summaries of exposure ECDF differences, based on fitted dose-response models provide a method for translating observed exposure differences into summarized risk differences.
Ž . The comparison of exposure potential ECDFs is similar in spirit to the comparison of income distributions between racial subgroups using diversity indices and dis-Ž similarity indices from econometrics Gastwirth et al., . 1989; Nayak and Gastwirth, 1989 . These indices measure the difference between mean incomes observed for individuals randomly selected from each subpopulation. Direct application of such measures to compare mean exposure Ž . potential are not entirely satisfactory since one compares Ž . summary exposure values e.g., means between subgroups. Instead of comparing summaries, we prefer summarizing comparisons. That is, we prefer comparing the cumulative distribution functions of exposure potential Ž across all values i.e., comparing proportions of each subgroup experiencing exposure potential x or less, across . all values of x . The primary reason for our preference is Ž . the ability to link each level of exposure potential to an associated risk through a dose-response model, rather than considering risk resulting from an average exposure within each subgroup.
We note that summaries across exposure potential val-Ž ues are only valid if exposure potential here proximity to . any site reporting air releases is of interest as a measure of impact on the subpopulations. No amount of modeling, however sophisticated, will aid assessments unless discrep-Ž ancies in the amount of the particular exposure or expo-. sure potential used is of interest to the parties involved.
There are several limitations to our current application of the approach. First, our assumption of constant exposures within tracts compounds the ecologic nature of the study. An alternate approach could use physical models of pollutant dispersal to interpolate ambient concentrations due to TRI releases. Complications include proper linking of regionalized Census demographic data to interpolated exposures varying within census regions. Some work regarding the analysis of such 'misaligned' data appears in Ž . Mugglin and Carlin 1998 . Second, our measure of exposure 'potential' may have very little correlation with actual doses of emitted chemicals received by any individual. The analytic framework Ž . comparing ECDFs outlined above is applicable to exposure data obtained by monitoring of individuals, or modeled based on fate and transport theory. However, as noted Ž . by the National Research Council 1991 , TRI data do not provide accurate data for exposure assessment. Our use of distance to documented emissions sources is an improvement over dichotomous definitions of exposure used in Ž . past assessments e.g., within 1 mile of emissions sources . This is only a step toward inclusion of more accurate ambient exposure values, which may differ appreciably from personally monitored exposures due to daily activity patterns of individuals. As mentioned above, the use of facilities reporting to the TRI as our only sources of Ž . emissions also ignores other perhaps substantial sources Ž . of toxic emissions. We follow Perlin et al. 1995 in cautioning the reader from assuming observed differences Ž based on proximity to TRI sites or reported TRI emis-. sions are necessarily associated with similar differences in exposure.
Third, the work assumes constant susceptibility between individuals. Realistically, an accurate assessment of environmental justice should account for variation in the population at risk regarding susceptibility to effects of environ-Ž . mental exposures Sexton, 1997 . For example, tracts with larger population sizes of children would likely show greater response to lower exposures than tracts with a greater number of adults. Racial or ethnic variations in susceptibility can also impact accuracy of results.
To begin to address these issues, the multilayer nature of the exposure, demographic, and health components of environmental justice makes Bayesian analysis attractive. In addition, the multilayer data management of GIS-based analyses reinforces the structure of the data and leads one toward similarly structured statistical models. Bayesian methods provide an analytic approach to combine variability from each level giving an overall assessment of uncertainty through the posterior distribution, while MCMC methods enable ready computation of the required posterior distributions of the summary statistics.
Accurate assessment of model and summary uncertainty is critical in quantifying impacts of environmental justice, and offers room for future work. In the examples above, we have not accounted for the uncertainty associated with Ž . the use of ECDFs rather than the true but unknown exposure CDFs. More importantly, we have not accounted Ž . for uncertainty associated with the exposure or potential values themselves. This will be a critical step to incorporating measured or model exposure data into the approach. Again, a Bayesian approach allows one to incorporate such uncertainty, but more work is needed to develop valid model structures.
Ž . Full posterior distributional output provided by Bayesian models offers advantages over point and interval estimates based on normal or transformed normal distributional assumptions, particularly in light of the 'spatial constraint' defined by the geographic and demographic distribution of the population being assessed. A related geographic and cartographic issue involves the display of uncertainty in a map. For example, a GIS can overlay a very accurate map of local streets and geographic features Ž . e.g., rivers with a highly variable map of small area Ž . disease incidence rates. It is easy in fact tempting for one to infer that the same accuracy seen in the geographic features holds for the rates as well. As pointed out in Ž . Waller 1996 , a good map of bad data looks better than a Ž . bad map of good data. MacEachren 1995 proposes and summarizes recent research in the display of uncertainty in maps. More work is needed to provide easily accessible displays based on the assessments outlined above.
Finally, we note that quantitative assessments are only part of the multifaceted problem of evaluating environmental justice. The assessments described above evaluate data for evidence of inequities in exposure potential, or risk resulting from such differences. These proximity-and risk-based assessments do not explicitly evaluate intent in siting or remediation of environmental hazards. Brown Ž . 1995 describes many issues relating to these aspects of environmental justice.
